Small pelagic fish aggregate within areas of suitable habitat to form patchy distributions with localized peaks in abundance. This presents challenges for geostatistical methods designed to investigate the processes underpinning the spatial distribution of stocks and simulate distributions for further analysis. In two-stage models, presence/absence is treated as separable and independent from the process explaining non-zero densities. This is appropriate where gaps in the distribution are attributable to one process and conditional abundance to another, but less so where patchiness is attributable primarily to the strong schooling tendencies of small pelagic fish within suitable habitat. We therefore developed a new modelling framework based on a truncated Gaussian Random Field (GRF) within a Bayesian framework. We evaluated this method using simulated test data, and then applied it to acoustic survey data for Peruvian anchoveta (Engraulis ringens). We assessed the method's performance in terms of posterior densities of spatial parameters, and the density distribution, spatial pattern, and overall spatial distribution of posterior predictions. We conclude that Bayesian posterior prediction based on a truncated GRF is effective at reproducing the patchiness of the observed spatial distribution of anchoveta.
Introduction

28
Acoustic surveys of small pelagic fish provide valuable information on their abundance and distribution 29 (Simmonds and MacLennan 2005) . The distribution of small pelagic fish typically can exhibit strong 30 spatial structure (Fréon et al. 2005) . A geostatistical approach is therefore ideal for inference and 31 prediction because it takes into account spatial autocorrelation in the variance of the observed variable 32 (Rivoirard et al. 2000) . Geostatistical analysis may serve three broad purposes in fisheries ecology. First, 33 structural analysis and inference may be used to investigate the relationship between the spatial 34 distribution of stocks and environmental covariates, and the inherent spatial structure of fish stocks 35 simulation may be used to generate realisations of the spatial distribution of acoustic biomass over the 41 survey region as a basis for analysing spatial associations, for instance between fishing fleets and fish 42 stocks (see Bertrand et al. 2004b ). The purpose of the geostatistical analysis presented here was to 43 simulate the spatial distribution of small pelagic fish. The simulated spatial distribution was then used to 44 analyse the foraging patterns of their predators (Boyd 2012) . Nevertheless, we propose that the method 45 described below is also of relevance to structural analysis and estimation of stock abundance and 46 associated uncertainty. 47 4 suitable habitat at the stock scale and/or to intrinsic aggregative behaviours leading to the formation of 53 schools and clusters of schools within suitable habitat (Fréon et al. 2005 , Bertrand et al. 2008 . 54
Where gaps in the distribution of small pelagic fish are attributable to areas of unsuitable habitat within a 55 survey region, the distribution of suitable habitat and fish densities within suitable habitat may be 56 modelled as separate processes. The conventional approach to modelling data with a high proportion of 57 zeroes is consistent with this scenario. A two-stage model structure may be developed, in which 58 presence/absence is treated as separable and independent from the process explaining non-zero densities 59 analysed acoustic data for sardine (Sardina pilchardus) based on a binomial distribution for 64 presence/absence. In each case, the primary purpose was to estimate stock abundance. 65
However, where patchiness is mostly attributable to aggregative behaviours within suitable habitat, the 66 density data would ideally be modelled as the outcome of a single continuous process with the observed 67 zeroes corresponding to very low densities. Analogously, it is typically assumed that observed data are 68 censored below some detection threshold in the analysis of rainfall or contaminant data. Values below the 69 threshold may occur, but remain undetected. A complete spatial analysis therefore incorporates these 70 unobserved low-level values or 'censored' data based on the observed data above the detection threshold 71 (Stein 1992 , De Oliveira 2005 . The focus of inference is on the underlying distribution process that 72 generated the data, rather than the boundary between censored and non-censored data which depends on 73 the detection threshold and is a function of the observation process. Truncated Gaussian random fields 74 (GRFs) are well-established in some areas of geostatistics for modelling censored data such as rainfall 75 data (e.g. Sanso and Guenni 1999) and contaminant data (e.g. For personal use only. This Just-IN manuscript is the accepted manuscript prior to copy editing and page composition. It may differ from the final official version of record.
Swartzman et al. 2008
). In most years, the CCW are spread in a broad shallow layer over the continental 130
shelf, but in some years the CCW may be restricted to isolated pockets associated with persistent 131 upwelling during warm water anomalies (Bertrand et al. 2004a ). As with other small pelagic fishes, the 132 distribution of anchoveta within suitable habitat is characterized by nested aggregation structures (Fréon 133 and Misund 1999). Anchoveta exhibits strong schooling tendencies, and schools may form clusters of 134 schools within broader aggregations (Bertrand et al. 2008 ). Both factors, the strong association of stocks 135 with particular water masses and the formation of clusters, can lead to a high degree of patchiness in the 136 distribution of anchoveta. 137
Methods
138
Observed data 139
The The survey was designed to provide data on the distribution of anchoveta coincident with data on the 142 movement patterns of seabirds collected at the island group of Pescadores (11.77 o S). The survey 143 comprised systematic, parallel, equally-spaced, onshore-offshore transects approximately 10 km apart 144 (Fig. 1) . The eastern end of each transect was near shore, approximately 1 km from the coast. The western 145 end of most transects fell within the shelf break approximately 60 km from the coast, with every third 146 transect continuing approximately 25 to 45 km beyond the shelf break to cover the observable range of 147 anchoveta. Sampling effort therefore differed between the on-shelf and off-shelf area. For the purposes of 148 this analysis, the study region was restricted to the on-shelf area covered by the survey. 149
Acoustic backscattering data were collected using a calibrated Simrad scientific echosounder (EK60) 150 operating at 120 kHz. The acoustic data were processed by IMARPE, using Echoview acoustic 151 postprocessing software (Myriax Software, Hobart, Tasmania, Australia). that anchoveta was broadly distributed throughout the study region, with some areas of zero or low 163 densities in the distribution (Fig. 1a) . This pattern is consistent with the hypothesis that the shelf area 164 covered by the acoustic survey mostly encompassed suitable habitat for anchoveta, and that the gaps in 165 the distribution are mostly attributable to the aggregative behaviour of anchoveta within suitable water 166 masses. In contrast, in December 2009, there were larger areas of zero or low densities (Fig. 1b) . At the 167 time of 2009 survey, observed water masses in the study region (CCW and mixed CCW and subtropical 168 surface waters) provided suitable habitat for anchoveta, but the biomass of anchoveta in the study region 169 was rather low. This suggests that gaps in the distribution in 2009 were mostly attributable to a 170 combination of low regional biomass and the aggregative behaviours of anchoveta within suitable habitat. 171
Test data 172
Test data were generated using a process that matched the assumptions of the integrated method (see 173 below). A set of prediction points encompassing the study region was created. A single isotropic GRF 174 with exponential correlation function was simulated to the 2008 transect locations and the prediction 175 points (Fig. 2a) . The parameters governing spatial autocorrelation were chosen to be close to values 176 indicated in exploratory analysis of the observed anchoveta data for 2008. Due to the random nature of 177 the process, the realised parameters of a simulated GRF are not expected to correspond exactly to the 178 simulation parameters. The mean and variance of the test data were standardized for convenience. Two 179 locations were then extracted to form two estimation datasets (Fig. 2c) , leaving values at the prediction 183 points to provide two evaluation datasets. 184
Geostatistical model 185
A standard geostatistical model (following Diggle and Ribeiro 2007) may comprise a trend surface, a 186 spatial signal process, and additional non-spatial or residual variance: 187
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the spatial distribution was assumed to be isotropic (i.e. spatial continuity is similar in all directions) as 205 the study region was small. We further assumed a constant trend or mean (i.e. ! = ! !" = ). The 206 restricted maximum likelihood estimator for a stationary GRF is: 207
where n is the number of observations; ! = ! + ! , ! is the correlation matrix; 
Observed data 246
For the observed data, the first step in the modelling process was to transform the non-zero densities for 247 each survey year into a left-truncated Gaussian distribution with the censoring point corresponding to the 248 observed proportion of zero values. In likelihood-based geostatistics, zero-truncated right-skewed 249 continuous distributions may be modelled using a linear model following Box-Cox transformation (Box 250 and Cox 1964). Preliminary analysis indicated that log-transformation provided the best fit to the non-251 zero acoustic densities (Fig. 3) . (Fig. 1) , so the set of 271 prediction points for 2009 was cropped to avoid extrapolation from the observed data. Finally, values less 272 than the predefined censoring point were censored, and the vector of non-censored data was back-273 transformed to the observed data space using the inverse of the procedure described above. 274
Results
275
Performance of the Bayesian integrated method was assessed in terms of the posterior densities for the 276 spatial parameters, and the density distribution, spatial pattern, and overall spatial distribution of posterior 277 predictions. In the case of the test data, the mean and variance of the simulated GRF are known (Fig. 5) . Differences 285 between descriptive statistics for the estimation and evaluation datasets are indicative of sampling error 286 and are not attributable to the analytical method. In the case of the variance, the difference is partly 287 structural. Spatial autocorrelation implies that the variance between points that are close together is less 288 than the variance between points that are far apart. The prediction locations are interpolated among the 289 transect locations -each prediction location therefore has more close neighbours and the overall variance 290 is consequently lower. 291
The mean and variance of the simulated GRF are well reproduced in posterior predictions, as is the 292
proportion of values that fall below the censoring point and the density distribution of non-censored 293 values when 40% of values are censored (Fig. 5a) . The mean and variance of the simulated GRF are less 294 well reproduced when 60% of values are censored (Fig. 5b) . Nevertheless, the proportion of values that 295 fall below the censoring point and the density distributions of the non-censored values are well-296 reproduced (Fig. 5b) . 297
Spatial pattern of the censoring process and of the non-censored values 298
The performance of the Bayesian integrated method in terms of reproducing the spatial pattern of the 299 underlying process can be evaluated by comparing boxplots of empirical variograms derived from the 300 posterior predictions with the empirical variogram of the simulated GRF after censoring (Fig. 6) . 301
Overall, the spatial patterns in the posterior predictions correspond well to the patterns in the evaluation 302 datasets, especially at short distances. Spatial autocorrelation in the censoring process (approximating 303 presence/absence) is well-reproduced, (Fig. 6a) In posterior predictions based on the 2008 data (Fig. 9a) , the proportion of zero densities and the mean of 326 the non-zero densities correspond closely to the data observed at transect locations. The mode of the 327 variance of non-zero densities also corresponds to the variance at transect locations, but the variance 328 ranges quite broadly among posterior predictions. In posterior predictions based on the 2009 data (Fig.  329 9b), the proportion of zero densities tends to be higher than observed at transect locations, while the mean 330 and variance of non-zero densities correspond more closely to data observed at transect locations. 331
Posterior predictions effectively reproduce the density distribution of non-zero values observed in 2009 332 (Fig 9b) . In contrast, posterior predictions based on the 2008 data do not reproduce the spike of low 333 values in the observed data because this is not consistent with the assumed log-Gaussian distribution (Fig  334   9a) . 335
Spatial pattern of presence/absence and conditional abundance 336
Comparison of empirical indicator variograms derived from the posterior predictions with empirical 337 indicator variograms for the transect data (Fig. 10a) indicates that the non-spatial variance in the 338 presence/absence process is over-estimated, especially in 2008. The contrast with the test data is striking, 339 and suggests that the edges of anchoveta clusters are more consolidated than in the test data. 340
Overall spatial distribution 341 In performance testing, the data-generating process was known to be a censored isotropic GRF, whereas 368 the spatial processes underlying the observed data were unknown. Differences in performance of the 369 First, the Bayesian integrated method effectively reproduced the spatial pattern of the observed non-zero 375 densities, but the non-spatial variance in the censoring process was notably higher in posterior predictions 376 than in the transect data, especially for 2008. This suggests that the edges of clusters are more clearly-377 defined than shown in the posterior predictions, while the interior spatial structure is better-represented. 378
One hypothesis to explain the relatively low contribution of non-spatial variance to the presence/absence 379 process would be differences in the inherent aggregative behaviours underpinning presence/absence 380 versus conditional abundance. The impulse that underlies the formation of schools by small pelagic fish 381 may be strong, contributing to low non-spatial variance, whereas spatial structure within schools may be 382 more heterogeneous contributing to higher non-spatial variance (Gerlotto and parametric distribution, researchers must choose between a parametric and non-parametric approach. This 390 choice will depend on the purpose of analysis, the extent of deviations from a parametric distribution, and 391 an assessment of whether these are representative of the true distribution or reflect sampling error. 392
Analysis of the observed anchoveta data using the Bayesian integrated method following non-parametric 393 transformation is presented in the Supplementary Material. Comparison of the results following 394 parametric and non-parametric transformations indicates that the posterior densities for the spatial 395 parameters and spatial pattern are very similar. However, when the analysis was extended to include 396 simple estimates of regional abundance following back-transformation, substantial differences emerged 397 attributable to the deviations of the observed sample distribution from a true log-Gaussian distribution. 398
18
The primary purpose of our analysis was to simulate the spatial distribution of small pelagic fish as the 399 basis for analysing the foraging patterns of their predators, and we chose to use a fully parametric 400 approach. Other researchers may choose a non-parametric transformation, especially for the purposes of 401 abundance estimation. 402
Comparison with existing approaches 403
Where the primary focus of spatial analysis is the presence/absence process rather than conditional 404 abundance, alternative geostatistical methods may be considered. Indicator simulation (Goovaerts 1997) 405 provides one option for simulating presence/absence (e.g. Walline 2007 ), but falls outside the likelihood-406 based framework so the advantages of a likelihood-based approach for structural analysis would be lost. 407
In likelihood-based geostatistics, the conventional approach to modelling a presence/absence process is 408 the form of a hypothetical GRF which is transformed into a probability field through the inverse logit 416 function. The response variable is then assumed to follow a Bernoulli distribution based on the 417 probability field. In the final step, an indicator value is drawn independently for each location based on 418 the inferred spatially-dependent probability field. This step is inappropriate for species with strong 419 inherent aggregative behaviours, such as anchoveta. For these species, presence/absence at a location is 420 not independent of presence/absence at neighbouring locations, even after the underlying probability of 421 occurrence has been taken into account. Binomial simulation leads to a more fragmented pattern than the 422 
